This paper presents a study that demonstrates the potential of using finite element (FE) lung model constructed using 4D-MRI (3D + time) for tracking tumor motion during a respiratory cycle. A series of volumetric images of one lung cancer patient was acquired over time under free breathing and sorted into respiratory phases. A FE model of the lung with the tumor was constructed using the volume which is at full exhale phase. Displacement field from this initial volume to the subsequent 3D volumes in the respiratory phases were derived using a deformable image registration technique. This displacement field which provides displacement information of the lung surface is then used to predict the tumor motion in the lung interior using the FE model. Our results showed that the tumor motion (as represented by the trajectory of the tumor centroid) follows a highly non-linear path during the respiratory cycle from the full exhale phase to the full inhale phase. We also showed that the predicted tumor motion from our FE model is in reasonable agreement with that computed from 4D-MRI.
Introduction
Lung cancer, the uncontrolled proliferation of abnormal cell in the lungs, accounts for 13% (1.6 million) of the total global cancer cases and 18% (1.4 million) of the global deaths [1] . Being an effective treatment option, radiation therapy aims to eradicate or control malignant cells while minimizing adjacent healthy tissue and organs injury [2] [3] [4] . Although many efforts have been directed to improve lung cancer radiotherapy, respiratory motion still remains an issue and challenge for optimal radiation delivery.
In current conventional three-dimensional (3D) radiotherapy, static image data of patient's lung are acquired using 3D computed tomography (CT) [5] . The actual movement and shape of the thoracic tumor are not accounted for and are assumed to remain unchanged during the course of radiation treatment. However, as lung has a multidimensional structure and motion, static positioning is almost impossible. Hence, this is a major concern in radiation therapy as higher radiation doses have to be delivered to achieve high local tumor control [5, 6] . Furthermore, as the lung of individual patient has a uniquely complex spatial and temporal pattern, this makes it even harder for radiation doses delivery to conform only to the tumor while sparing neighboring healthy tissues [6] . Therefore, as it is critical to accurately account for the time-dependent variation in tumor motion, radiation doses should be calculated using multiple models representing each respiratory phase of the same patient [7] .
The key four-dimensional medical imaging modalities integrated in current clinical practice includes timeresolved volumetric computed tomography (4D-CT), magnetic resonance imaging (4D-MRI) and positron emission tomography (4D-PET) [8, 9] . Recent intense efforts have been made to assess patient-specific breathing motion using 4D-CT [5, 6, [10] [11] [12] [13] . 4D-CT not only generates high spatial and temporal resolution images with reduced motion artifacts for treatment planning, but also provide information about tumor and organ motion [4, 14] . However, one major downside with CT data acquisition is the utilization of ionizing radiation and the accompanied increased cancer risk [15, 16] . In a recent study performed by Pearce et al., it was found that the use of CT scans in children might lead to subsequent risk of leukemia and brain tumors [17] . Although clinical benefits outweighed small absolute risks, it was suggested that radiation doses from CT scans ought to be kept as low as possible and if appropriate, alternative procedures should be considered. Hence, this significant drawback has triggered interests on utilizing 4D-MRI instead [8] .
In a study by Dinkel et al., 4D-MRI was utilized to evaluate diaphragm dysfunction and lung tumor motion and this imaging modality proved to be a promising method to overcome the limitations of 4D-CT [14] . As dynamic MRI is competent in capturing continual motion of thoracic organ for multiple respiratory phases, this allows for better precision in detecting respiratory variations as compared to 4D-CT. Furthermore, as rebinning is not required, patients are able to breathe regularly during image data acquisition [14] . Hence, with the advantages and rapid technological advancements being made in 4D-MRI to reach the benchmark set by CT, 4D-MRI is emerging as the next potential image modality to study respiratory motion.
In this study, we demonstrate the potential of using finiteelement (FE) model constructed using 4D-MRI for tracking tumor motion during the respiratory cycle. The initial 3D lung geometry is reconstructed from the acquired 3D MRI volume images at the full exhale phase. Using 3D deformable image registration algorithm, the displacement field from the initial volume to the subsequent 3D volume images in the respiratory phases are derived over half a respiratory cycle from full exhale to full inhale. This displacement field is then used to predict the tumor motion in the lung interior using a finite-element (FE) model. We show that the tumor motion (as represented by the trajectory of the tumor centroid) follows a highly non-linear path during the respiratory cycle. This observation further strengthens the need for accurate tracking of the time-dependent variation in tumor motion. The advantage of using our approach is that the material properties of the lung and tumor in the FE model can potentially be tuned specifically to individual patient to minimize error between the predicted motion and the actual tumor motion during the planning phase before radiation therapy. Future studies will also include the correlation between the averaged diaphragm displacement for the corresponding respiratory phase and potential surface landmarks to enable real-time tumor motion tracking during the radiation therapy.
Methods
This section describes the framework for the construction of the FE model using one of the acquired 3D-MRI volume images at the full exhale phase as reference. The subsequent tumor motion then is predicted from the FE model using the displacement field computed from 3D deformable image registration as an boundary condition input. Schematically, the workflow of our framework can be summarized as follows:
(i) 3D-MRI volume images of the lung are acquired at different phases of the respiratory cycle to produce 4D-MRI data set.
(ii) The regions of interest for each individual 3D-MRI volume images are segmented. (iii) The 3D-MRI volume images at the full exhale phase is selected as reference and 3D deformable image registration is performed to align the other volume images to this reference. (iv) An volumetric tetrahedron mesh representing the full exhale lung geometry for the finite element model is reconstructed using the reference 3D-MRI volume images.
(v) The 3D voxel displacement fields computed from the 3D deformable image registration is interpolated to the surface triangle mesh vertices representing the lung surface.
(vi) The finite element model is then used to compute the tumor motion using the 3D displacement fields as a prescribed displacement boundary condition.
Data Acquisition
Dynamic 3D MRI scans of the thorax of one lung cancer patient (tumor localized in right lung) were processed and analyzed. The MRI scans was acquired with institutional ethics approval and informed consent from the patient. All the scans were acquired using a 3T MR scanner (Siemens Magnetom Trio, Germany). Thirty volumes of 3D dynamic sequence called TWIST were acquired for the subject. In order to improve the temporal resolution, parallel imaging algorithm GRAPPA PAT 2 was applied. An in-plane resolution of 128×128 pixels (2.81×2.81 mm 2 ) was achieved. For each volume, 36 slices were acquired with an out of plane resolution of 4 mm. The resulting acquisition time was one volume per 0.9 seconds.
A free-breathing maneuver was applied during the scans. The subject was instructed to breathe normally without any intervention.
Registration-based-segmentation
The automated segmentation developed in this work was based on the registration-based-segmentation method. A reference volume that will be deformed to fit other target volumes was first defined. The reference volume (I 0 ) was registered to the target volume (I t ) through 3D deformable registration to obtain the deformation field (T(I 0 →I t )), together with the registered reference volumes. In addition to the reference volume and target volumes, another input required is the segmented reference volume (M). The lung structure and tumor of the reference volume are interactively segmented to obtain the reference segmentation of the lung tumor and the lung. The interactive segmentation was performed using 'ITK-SNAP' [18] which is a software used to segment 3D images based on the active contour methods [19] . To obtain the final segmentation for the target volumes, the corresponding deformation fields are used to deform the reference segmentation (M) into target segmentations (DM t , t = 1, 2, 3, ..., n).
3D Deformable image registration
Deformable registration transforms a reference volume in a non-linear manner to spatially align the corresponding parts with respect to the target volume. The 3D deformable registration algorithm used in this study was demons registration [20] . This demons registration technique places 'demons' at each voxel in the target volume which decides the diffusion of the reference moving volume by minimizing the difference between the two volumes. The reference volume is iteratively deformed by applying a displacement vector u in a voxelby-voxel manner, according to equation (1) .
where I 0 is the reference volume and I t is the target volume. A Gaussian filter is applied to smooth the displacement field, suppress noise and preserve the geometric continuity of the deformed image. The overall deformation field T is updated iteratively by:
Geometry reconstruction
The geometry of the lung is reconstructed using the reference volume I 0 . The segmented 3D-MRI volume images are imported into Mimics (Materialise NV) to generate a surface mesh. This surface mesh is exported into Meshlab (open-source 3D mesh processing software) for smoothing and decimation to improve the mesh quality. The resultant surface mesh is then imported into Patran (MSC Software) to generate a volumetric mesh for the finite element analysis. Figure 1 depicts the reconstructed surface and volumetric mesh for the right lung and the embedded tumor in the lung interior. 
Interpolation of the voxel displacement field
The deformation field provided by the registration method is computed in the 3-D voxel grid space of the MRI volumes. In order to apply this deformation field to the constructed mesh network, a fast tri-linear interpolation is applied to map the deformation to the corresponding position of each surface triangle mesh vertices representing the lung geometry in Cartesian coordinates.
Finite element modeling
The lung is modeled as a neo-Hookean hyper-elastic solid with the following parameters: Elastic modulus (E) = 823 Pa and Poisson's ratio (v) = 0.3 [10] . The tumor is also modeled as a neo-Hookean hyper-elastic solid with the same parameter as the lung in the baseline case (denoted as case0). By varying the elastic modulus of the tumor, we are able to investigate how the tumor motion during the respiratory phase varies with its stiffness. The displacement field computed from the 3D deformable image registration is applied as a prescribed displacement boundary condition on the surface triangle mesh vertices in our FE model. Essentially, we are deforming the lung geometry from the reference phase (denoted as S 0 , where S 0 is the full exhale phase) to the shape of the lung in the subsequent respiratory phases over half a respiratory cycle (denoted as S i , i=1, 2, …, 5, where S 5 is the full inhale phase). The displacement field in the interior of the lung and the tumor deformation is then solved using FEBio (an open-source, nonlinear finite element solver) [21] .
Results and Discussion
Based on the acquired data from the patient, the lung volume and tumor centroid computed from the FE model at each phases in the respiratory cycle are shown in Figure  2 and 3 respectively.
From Figure 2 , we can see that the variation in lung volume during the free-breathing maneuver from the full exhale phase to the full inhale phase is non-linear and is likely to be patient specific. This observation compounds the difficulties in tracking tumor motion during radiotherapy as the respiratory-induced lung motion are not readily predicted from the static images acquired during the treatment planning phase. The trajectories of the tumor centroid (projected in the transverse, coronal and sagittal planes respectively) computed from the 4D-MRI volume images (represented by the black dashed line) and shown in Figure 3 also show this non-linear motion. From Figure 3 , we can see that the trajectories of the tumor centroid computed from our FE model is in reasonable agreement with that computed from the 4D-MRI volume images (which we take as the ground truth) especially for the trajectories projected onto the coronal and sagittal planes. Table 1 . FE prediction errors at tumor centroid for the different breathing phases computed in LR (left-right), AP (anterior-posterior) and SI (superior-inferior) directions.
We define the FE prediction errors for tumor motion by the differences in tumor centroid coordinates between the FE model and 4D-MRI volume images. These errors are computed in the LR, AP and SI directions and presented in Table 1 . From the table, we note that the predominant tumor motion error is in the SI direction with the largest error occurring at the full inhale phase (S5). This is not surprising given that the lung deforms predominately in the SI direction during respiration. Our motion errors are comparable to those reported by other researchers using biomechanical models constructed from 4D-CT. Eom et al. reported mean motion errors at full inhale of 0.41 mm in LR, 0.61 mm in AP and 5.15 mm in SI based on 5 landmarks around the tumor region [6] . Similarly, Werner et al. also reported motion errors for landmarks at trachea bifurcation to be within the range of 2 to 7 mm during the respiration phase [5] .
We also perform a sensitivity analysis on the trajectories of the tumor centroid by varying the values of the elastic modulus assigned to the tumor. We consider the following cases: (i) case0: tumor and lung is assigned the same elastic modulus, (ii) case1: tumor is twice as stiff as the lung and (iii) case2: tumor is five times as stiff as the lung. We hypothesize that the tumor stiffness will affect the tumor deformation: a stiffer tumor will deform less during the respiratory cycle as compared to a less stiff tumor. However, it is not intuitively obvious how the tumor deformation will affect the tumor position within the lung interior and if the changes to the tumor trajectories are significant. During the course of the radiotherapy, it is conceivable that the elastic modulus of the tumor changes due to cell necrosis from the radiation exposure. Our FE model thus enables us to take into account this change and re-compute the new trajectories of the tumor centroid. From Figure 3 , the variations in the tumor centroid trajectories in all 3 planes considered are minimal for the increases in the stiffness of the tumor that we considered in our sensitivity analysis. We believe that invariance of the tumor motion to its stiffness is nonobvious and highlight the contribution of the FE model in enhancing planning strategies for radiotherapy.
We noted that the variation in the right lung volume during the respiratory cycle as computed from our FE model systematically overestimate the values computed from the 4D-MRI images (see Figure 2) . We hypothesize that this systemic error could potentially be caused by either (i) the errors introduced by the smoothing and decimation algorithms used during the reconstruction of the surface geometry or (ii) the current resolution of the 3D-MRI scans. In addition, we also noted that the magnitude of the tumor centroid trajectories computed from our model systemically underestimate that computed from the 4D-MRI volume images. For the trajectories projected onto the coronal and sagittal planes, our FE model is able to capture the overall trend of the centroid motion reasonably well. However, the agreement in the transverse plane is not sufficiently accurate for the current set of material parameters used in our FE model. The overestimation of the lung volume and underestimation of the magnitude of the tumor centroid motion are some current limitations of our framework and we are working on addressing these issues. One potential approach under investigation is the reconstruction of higher spatial resolution MRI volume images using superresolution techniques prior to the 3D deformable image registration and geometry reconstruction steps in our framework. This approach could possibly reduce the artifacts induced in these steps resulting from the current low resolution of our 3D-MRI volume images, thereby reducing the systemic overestimation and underestimation between FE model and image as seen in Figure 2 We also want to highlight that any potential differences in the FE model prediction and the ground truth from image does not render our model inaccurate or insufficient. Instead, the ground truth trajectories can be used as an additional input into our FE model, in that the material properties of the lung and tumor can both be calibrated to minimize the errors between the FE model prediction and the ground truth. Thus, our FE model will contain both patient-specific geometry and material properties.
Our aim is to use the framework described in this study during the planning phase prior to radiotherapy to assist the clinicians in tracking tumor motion during the respiratory phase. The 4D-MRI scans will be acquired during this planning phase and the patient-specific FE lung model constructed. Calibration of the patient-specific material properties for the lung and tumor will also be performed at this stage. The advantage of using MRI as an imaging modality is that MRI does not expose the patient to ionizing radiation and the accompanied increased cancer risk as compared to CT. Our future work also includes testing the hypothesis that the averaged diaphragm displacement during the respiratory phases can be correlated to surface landmarks on the body of the patient. The objective is to establish a correlation between the overall shapes of the lung surface during respiratory motion to external surface markers, potentially enabling real-time tumor motion tracking during the radiation therapy.
Conclusion
In this work, we presented a framework of using 4D-MRI volume images to construct a finite element model of the lung and use it to predict the trajectory of the tumor centroid during the different respiratory phases. Our initial results show that the tumor centroid trajectory is non-regular and dependent on the material properties of the tumor with respect to the surrounding lung tissue. This reinforce the importance of developing a robust and accurate approach to track the tumor motion caused by respiration during radiotherapy so as to deliver the radiation does to the tumor location while sparing neighboring healthy tissues.
